Stable quantitative trait loci (QTL) are important for deployment in marker assisted selection in wheat (Triticum aestivum L.) and other crops. We reported QTL discovery in wheat using a population of 217 recombinant inbred lines and multiple statistical approach including multi-environment, multi-trait and epistatic interactions analysis. We detected nine consistent QTL linked to different traits on chromosomes 1A, 2A, 2B, 5A, 5B, 6A, 6B and 7A. Grain yield QTL were detected on chromosomes 2B.1 and 5B across three or four models of GenStat, MapQTL, and QTLNetwork while the QTL on chromosomes 5A.1, 6A.2, and 7A.1 were only significant with yield from one or two models. The phenotypic variation explained (PVE) by the QTL on 2B.1 ranged from 3.3-25.1% based on single and multi-environment models in GenStat and was pleiotropic or co-located with maturity (days to heading) and yield related traits (test weight, thousand kernel weight, harvest index). The QTL on 5B at 211 cM had PVE range of 1.8-9.3% and had no significant pleiotropic effects. Other consistent QTL detected in this study were linked to yield related traits and agronomic traits. The QTL on 1A was consistent for the number of spikes m -2 across environments and all the four analysis models with a PVE range of 5.8-8.6%. QTL for kernels spike -1 were found in chromosomes 1A, 2A.1, 2B.1, 6A.2, and 7A.1 with PVE ranged from 5.6-12.8% while QTL for thousand kernel weight were located on chromosomes 1A, 2B.1, 5A.1, 6A.2, 6B.1 and 7A.1 with PVEranged from 2.7-19.5%. Among the consistent QTL, five QTL had significant epistatic interactions (additive × additive) at least for one trait and none revealed significant additive × additive × environment interactions. Comparative analysis revealed that the region within the confidence interval of the QTL on 5B from 211.4-244.2 cM is also linked to genes for aspartate-semialdehyde dehydrogenase, splicing regulatory glutamine/lysine-rich protein 1 isoform X1, and UDP-glucose 6-dehydrogenase 1-like isoform X1. The stable QTL PLOS ONE | https://doi.org/10.1371/journal.pone
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Introduction
Identification of consistent loci or haplotypes associated with traits is important in generation advancement decision, forward breeding, gene pyramiding and deployment recommendations in wheat and other crop breedings. These genomic regions can also play an important role during placement of new wheat variety into specific geographical footprints to maximize yield performance via genotype-environment matching. Several factors are considered prior to deployment of a QTL including the stability of the QTL across environment and genetic background, equivalency or effect of the QTL on other traits in elite germplasm, efficacy of the QTL if it is linked to disease or pest resistance, and availability of diagnostic marker in linkage disequilibrium with the QTL. In wheat, several strategies for MAS have been used to improve traits with majority focusing on simple traits [1, 2] . Notably, Rht-B1 and Rht-D1 linked to reduced stature have been deployed via MAS in wheat and in some environments a concomitant increase in yield have been observed although there seem to be a strong linkage disequilibrium between the two dwarfing genes and Fusarium head blight (FHB) susceptibility [2, 3] . A recently mapped QTL for reduced height, Rht24, on chromosome 6A has a potential for MAS and a diagnostic KASP marker has been developed [2, 4] . Our previous work using RIL population and 90K SNP array detected stable diagnostic marker tightly linked to Wsm2, a gene conferring resistance to wheat streak mosaic virus and is currently applied in MAS in winter wheat [5, 6] . Markers linked to Fhb1 and Qfhs.ifa5A, conferring resistance to Fusarium head blight, have also been applied in MAS in wheat breeding [7] . In addition, several other functional markers have been developed for agronomic traits, end-use quality and disease resistance [7, 8] Detection of consistent QTL depends, in part, on the quality of phenotypic data, genotypic data, and statistical analysis. Typically, evaluation of mapping population is done over multiple seasons in different testing footprints that are representatives of target mega-environments. This approach facilitates detection of consistent QTL over environments and seasons by modeling multi-environment variance-covariance structures that account for heterogeneity of genetic variance. Recent advances in marker technology have led to development of dense and ultra-dense genetic maps providing a fairly good genome coverage [9] . In addition, advances in statistical modeling particularly application of linear mixed models (LMM) provides flexibility to include variance-covariance (VCOV) structure to account for heterogeneity in genetic variances and environmental correlation [10, 11] . LMM can account for both QTL-by-trait interactions (QTI) and QTL-by-environment interactions (QEI) including interaction with environmental covariables such as temperature, light duration and intensity, and moisture levels [10, 12] .
Many genetic studies focusing on QTL discovery in wheat have utilized sparse genetic maps to tag QTL and rely on specific statistical method limiting the interpretation of the results to assumptions defined by the analysis approach. In addition, most studies assume the significance of epistatic and pleiotropic interactions underlying yield and yield components in wheat. Most of these QTL have been summarized and posted online on the catalogue of gene symbols. (https://shigen.nig.ac.jp/wheat/komugi/genes/symbolClassList.jsp). In the present study, we used high resolution genetic maps constructed using 90K array SNPs and implemented linear and linear mixed model QTL mapping approach in different genetic mapping software programs [13] [14] [15] [16] . The SNP associated with significant QTL were used in combined analysis of pleiotropy and epistasis as outlined by Tyler et al. [13] . Our objectives were to map stable QTL for grain yield and yield components in one of the most popular hard red winter wheat, TAM 111, within the framework of single trait multi-environment and multi-trait analysis and examine marker-to-trait effects and marker-to-marker interactions through analysis of pleiotropy and epistasis [13, 16] . Consistent QTL detected from various statistical models were compared for their locations on consensus genetic and physical maps.
Materials and methods

Recombinant inbred line population and trial evaluation
A bi-parental mapping population was derived from a cross between CO960293-2 (PI 615160) [17] and TAM 111 (PI 631352) [18] . CO960293-2 was developed by Colorado Agricultural Experiment Station and co-released as a germplasm line by Colorado and Kansas Agricultural Experiment Stations primarily for resistance to wheat streak mosaic virus and Russian Wheat Aphid (Diuraphis noxi M.). TAM 111 is a popular cultivar developed and released by Texas A&M AgriLife Research in 2002. It has good performance in both low and high productivity environments [18, 19] . A trial comprising 217 recombinant inbred lines (RIL) plus three checks (four checks in 2012/13) was planted in eight environments from 2012 to 2014; each location-by-year combination was considered as an environment. 
Trait measurements and data analyses
Grain yield was recorded in all the environments whereas yield components, plant height and days to heading were recorded in a subset of environments. of the spikes had emerged from the boot. Percentage of green leaf area was visually rated in BS14 and Chillicothe 2014 (CH14) at Feekes growth stage 10.5 on a scale of 0-100%, where 0% = all the leaves senesced and 100% = all leaves green. Similarly, the greenness of the flag leaf was rated at Feekes growth stage 10.5 on a scale of 0-100% where 0% = whole flag leaf senesced and 100% = whole flag leaf green. At Feekes growth stage 11, plant height was measured in centimeters (cm) from representative plants in each plot as the distance from the base of the stem to the tip of the spike excluding awns. In addition, a half meter long sample from a uniformly filled and representative inner row was harvested from each plot and used for determination of biomass and yield components. The samples were oven-dried at 60˚C for three days and the weight of each sample recorded. The total number of stems and the number of heads were counted for each biomass sample. The spikes m , and thousand kernel weight were calculated from the plot sample. The spikes m 2 was computed by dividing the number of heads by the sample plot area. The thousand kernel weight was determined by counting and weighing three sets of 100 kernels for each plot and multiplying the average weight by 10. Mean single head weight was calculated by dividing the total dry head weight per plot biomass sample by the number of heads. The kernels m -2 was estimated by dividing the weight of grain from the sample by single kernel weight.
The harvest index was calculated as grain weight per sample divided by total weight of biomass. All trials were harvested using a combine harvester and the grain yield plot -1 was used to calculate yield in metric tons hectare -1 . Test weight, in kg m -3 , was measured using Seedburo equipment (www.seedburo.com, Des Plaines, IL, USA).
Individual and combined environment data was subjected to analysis of variance (ANOVA) in SAS (SAS Institute, 2013) to determine the significance of genotypic and other components of the model. The statistical model used for individual environment analysis was as follows:
Where Y ik is the observed phenotypic value of the i th genotype in k th replicate, μ is the overall mean, R k is the replication effect, G i is the genetic effect of i th genotype and Ɛ ik is the residual.
All components were considered fixed. The statistical model for combined analysis of variance was as follows:
Where Y ijk is the observed value of the i th genotype in the j th environment and k th replicate, R (E) is replication nested within the environment, E j is the effect of the environment, (GEI) ij is genotype-by-environment interaction, Ɛ ijk is the residual. To compute mean squares, all the components were considered as fixed whereas for variance components, all components in the model were considered as random. Best linear unbiased predictors (BLUP) and variance components were computed using residual maximum likelihood adapted to META-R program [20] . The BLUP were used for QTL analysis in GenStat version 17 [15] . For single trait multienvironment QTL analysis, the appropriate VCOV structure was modeled in GenStat to account for heterogeneity of genetic variances and correlation among environments [10, 12] . The best VCOV was selected based on the Schwarz information criterion. The genetic correlations (ρ g ) between pairs of traits were computed using the following formula in METAR:
Where COV x,y is the genetic covariance between trait x and y, σ 2 x is the variance of phenotype x and σ 2 y is the variance of phenotype y [20] . Entry-mean heritability estimates were computed using the formula:
Where r is the number of replication, t is the number of environments, σ 2 g is genotype variance, σ 2 ge is the GEI variance, and σ 2 e is the residual variance [21] DNA extraction and genotyping Total genomic DNA was extracted from leaf samples of 217 RIL using a CTAB method with minor modification [22, 23] . The RIL and four sets of each parent were genotyped using 90K SNP array based on the manufacturer's protocol (www.illumina.com). The fluorescence signal was captured using an Illumina scanner and subsequently processed using GenomeStudio software (www.illumina.com). To adjust clusters with skewed cluster separation, manual curation of the data was done by examining the clusters in a Cartesian plot. Loci with low average normalized intensity and undefined clusters were excluded prior to downstream analysis. The genotype data set consisting of 8,819 high quality SNP was used for downstream statistical analysis [5, 24] .
Linkage mapping and QTL analysis
We implemented linkage mapping in JoinMap version 4.0 [25] . Prior to linkage map construction, SNPs with identical loci scoring at 100% similarity were omitted to eliminate genetic redundancy and improve computation efficiency. In addition, all SNP with significant segregation distortion based on Chi square test (P < 0.05) were also omitted. We grouped loci into linkage groups based on Independence LOD with increasing stringency from 2.0 to 30.0 and the incremental step of 1.0. The Kosambi mapping function was used to convert recombination frequency into centiMorgans [26] . The pairwise recombination frequency was calculated based on a maximum likelihood (ML) algorithm with the default settings in JoinMap [25] . The final linkage map of 5,580 SNPs covering all of 21 chromosomes with 44 linkage groups was used for QTL analysis. Linkage groups were assigned to chromosomes based on loci information in the 9K and 40K genetic maps [27, 28] .
Multi-environment and multi-trait QTL analyses were performed in GenStat based on a LMM framework as described by several authors [10, 12, 29] . In GenStat, QTL mapping was implemented in a stepwise manner commencing with simple interval mapping followed by at least two rounds of composite interval mapping using QTL identified to control the genetic background [30] [31] [32] . Backward selection was conducted on QTL detected and the final effects were estimated based on multi-QTL model [3032] . The markers associated with QTL were used for combined analysis of pleiotropy and epistasis using the CAPE package in R [13, 33, 34] .
In addition, MapQTL 6.0 [25] was used to analyze and identify significant QTL for each trait based on single environment data. We used QTLNetwork sofware [16] to analyze the significant QTL additive effects, epistasis effects and their interactions with environments across data from multiple environments. The detected QTL results were compared within the three models (single-environment, multi-environment, and multi-trait) of GenStat. Comparative analyses were conducted based on the linked SNPs of unique and consistent QTL using databases from T3 (https://t3sandbox.org/t3/sandbox/wheat/, accessed on March 1, 2017) and the Chinese Spring reference genome from International Wheat Genome Sequence Consortium (IWGSC RefSeqv1.0, https://wheat-urgi.versailles.inra.fr/Seq-Repository/Assemblies, accessed on March 1, 2017).
Results
Phenotypic analysis of yield and its related traits
Combined ANOVA across environments revealed significant (P < 0.001) genotype and environment components for traits whereas the GEI was statistically significant for all traits except for biomass weight (S1 Table) . The genotype × environment variance component for grain yield was higher than variance due to genotype. A reverse trend was observed for all the other traits where genotype variance components were greater than genotype × environment variance ( Fig 1C) . The highest variance component due to genotype were observed for green leaf area, thousand kernel weight, and test weight. The phenotypic variance explained (PVE) by the model fit was greater than 80% for all the traits except test weight which had PVE of 77% (Fig 1C) . The entry-mean heritability ranged from moderate (0.40 to 0.60) to high (> 0.60) except for biomass weight which had heritability of 0.31 ( Fig 1B) . Moderate estimates of heritability (0.43-0.64) were observed for grain yield, harvest index, and total stems whereas the remaining traits had high heritability (0.65-0.88). The average grain yield across environments was 3.6 t ha -1 with a corresponding test weight of 750.4 kg m -3
. On average, the population had 142 days to heading and the mean plant height was 63.2 cm. The average number of spikes m -2 was 376 -. A single spike had an average of 28 kernels and weighed 0.7 g. The average thousand kernel weight was 26.2 g (S1 Table) . We observed high yield variability in performance both within and across environments ( Fig 1A) . The highest range in yield was observed in AB13 and WA14 environments compared to dryland experiments. Dryland experiments showed differences in phenotypic expression with the trial in CH14 showing the least range in yield performance (0.5 to 2.0 t ha -1 ) attributed to a severe drought stress leading to a narrow window for the grain filling stage. Nonetheless, we still detected significant genotypic variation and the entry-mean heritability was 0.65 ( Fig 1A and S1 Table) . Comparison of average grain yield showed that environment AR13, WA14, and CH14 were significantly different (P < 0.01) from each other and from all other environments in the present study as indicated by nonoverlapping comparison circles (Fig 1A) . BS14 and CH14 were not significant from each other. Similarly, the average grain yield in HY13 and HY14 was not significant from each other. Grain yield under drought stress condition ranged from 1.3 t ha -1 in CH14 to 3.9 t ha -1 in HY13 ( Fig 1A) . Across environments, grain yield had significant genetic correlation (P < 0.01) with days to heading, harvest index, kernels m -2 , biomass weight, spikes m -2 , green leaf area, and greenness of the flag leaf ( Fig 1D) . The negative correlation observed for grain yield with both green leaf area and greenness of the flag leaf suggest that delayed chlorophyll decay may not necessarily translate to increased grain yield in the US High Plains. The significant correlation between grain yield and harvest index, biomass weight and spikes m -2 suggest that improvement in grain yield may be achievable through indirect selection of these traits. The highest significant correlation across environment (ρ g = 0.43, P < 0.01) was observed between grain yield and spikes m -2 ( Fig 1D) . The genetic correlation between grain yield with biomass weight was moderate (ρ g = 0.40 to 0.60) to high (ρ g > 0.60) in all trials where the yield components were recorded (data not shown). Kernels m -2 was significantly correlated with grain yield in three environments but was not significantly correlated with grain yield in CH14 (data not shown).
Test weight was positively correlated with grain yield in four environments although the correlations were less than 0.30 (data not shown).
Consistent QTL for grain yield, yield components and agronomic traits
We detected nine consistent QTL on chromosomes 1A, 2A, 2B, 5A, 5B, 6A, 6B, and 7A ( QTLNetwork analyses for additive affects, epistasis, and their interactions revealed more significant effects (Table 1, S2 and S3 Tables) . Epistasis was important for thousand kernel weight with seven significant additive × additive (A × A) interaction detected between QTL on chromosome 1A, 1B.1, 3A.3, 3B.1, 5B, 6B and QTL on 5D.1, 7A.3, and 7B. Three out of these seven were between Qtkw.tamu.7B.2 and a QTL on 1A, 3B.1, and 6B (S3 Table) . There was no significant additive × additive × environment (A × A × E) interaction for thousand kernel weight but additive × environment (A × E) interaction was important. Among the ten QTL linked to thousand kernel weight, Qtkw.tamu.6A.2 showed significant A × E interaction at CH14 (S2 Table) Table) .
The QTL on 1A, 1B.1, 1B.3, and 2B.1 at 170 cM as well as the QTL on 5B at 243 cM showed significant A × E for grain yield whereas two QTL on 1A and 2B.1 at 170 cM showed significant A × E for harvest index (S2 Table) . An interaction between two QTL, Qgy.tamu.3D.1 and Qgy.tamu.5B.1, was not significant for A × A epistasis but significant for A × A × E interactions. Overall, the environment AB13 (Aberdeen, Idaho 2013) was different from other environments. Five out of the six significant A × A × E interactions involved AB13 (S3 Table) .
Multi-trait QTL for yield and yield components
The multi-trait genetic model across seven environments revealed nine significant QTL with all QTL detected showing significant QTI as indicated by a color coded HVA (red color = HVA from TAM 111, blue = HVA from CO960293-2) [10, 12] (Table 2, Fig 2) .Seven of the nine multi-trait QTL were also detected based on M1 and M2 approach (Table 1) . Multi-trait QTL on chromosomes 2B (Qmt.tamu.2B.1) and 6A.2 (Qmt.tamu.6A.2) were associated with the highest number of traits suggesting that these genomic regions are essential in wheat breeding for higher yield (Fig 2) .
Grain yield was linked to multi-trait QTL on chromosome 1B.1, 2B.1, 5A.1, and 5B with all QTL except 1B.1 showing HVA from TAM 111 (Fig 2) . Biomass weight was linked to multitrait QTL on chromosome 1B.1 and 7A.1 (Table 2 and Fig 2) . Multi-trait QTL associated with plant height were detected on chromosome 5A.1, 6A.2, and 7A.1 and the chromosomal location of multi-trait QTL for plant height on 6A.2 agreed with single trait multi-environment QTL model (Tables 1 and 2 ). Days to heading was linked to multi-trait QTL on 2B.1, 2D.3, 5B, and 6A.2 whereas green leaf area and greenness of the flag leaf were associated with multi-trait QTL on chromosome 2B.1, 2D.3, and 5B although the greenness of the flag leaf had an additional QTL on 5A.2 ( Table 2 ). The multi-trait QTL with significant additive effect on kernels m 2 were mapped on chromosome 5A.1 and 5A.2 (Table 2) . Harvest index was associated with multi-trait QTL on 2B.1, 5B, and 6A.2 whereas kernel spike -1 QTL with significant additive effects were detected on 1B.1, 6A.2, and 7A.1 (Table 2 ). Mean single head weight was linked to multi-trait QTL on chromosomes 1B.1, 5A.1, and 6A.2. Thousand kernel weight QTL were mapped on chromosome 2B.1, 5A.1, 5A.2, 6A.2, and 7A.1 ( Table 2 ). The QTL for thousand kernel weight detected on 2B.1, 5A.2, 6A.2, and 7A.1 were also detected in a single trait multienvironment model (Table 1 ). The multi-trait QTL linked to spikes m 2 were detected on chromosome 2B.1, 5A.1, 5B, and 6A.2 with all QTL showing HVA from TAM 111 except for the QTL on 5A.1. Test weight was associated with multi-trait QTL on 1B.1, 2B.1, 2D.3, 5A.2, 6A.2, and 7A.1 whereas the multi-trait QTL with significant additive effect on total stems were detected on chromosome 1B.1, 5A.1, and 6A.2 ( Table 2 ). The multi-trait QTL on 1B.1, 2B.1, 2D.3, 6A.2, and 7A.1 were associated with kernels spike 1 . However, a test for significance of additive revealed that only the QTL on 1B.1, the multi-trait QTL on 6A.2 and on 7A.1 had significant additive effect on kernels spike 1 . Mean single head weight was associated with multitrait QTL on 1B.1, 5A.1, 6A.2, and 7A.1 although the latter had nonsignificant additive effect. The co-location observed in multi-trait analysis was supported by results from previous analysis. In M1 analysis, mean single head weight, spikes m 2 and harvest index were colocated on chromosome 1A from 173.0 cM to 202.9 cM whereas thousand kernel weight, kernels m 2 , and kernels spike 1 were co-located on 5A.2 from 1.0 cM and 24.7 cM, respectively based on peak SNP position (S4 (Fig 1D) . Genomewide scan for multi-trait QTL for grain yield and agronomic traits. The upper graph is the QTL profile plot with the y-axis representing the log of likelihood, -log (P), for declaring significance of QTL. The red horizontal line represents the threshold corrected for the number of independent tests using Li and Ji [38] . The lower profile is the genomewide heat map of significant QTL across environments. The y-axis is the traits and the x-axis represents the chromosomes. The light blue to blue color indicates the high value allele originates from CO9602932 and the yellow-red color indicates the high value allele originates from TAM 111.
https://doi.org/10.1371/journal.pone.0189669.g002
Genetic dissection of wheat grain yield and its components
Combined analysis of pleiotropy and epistasis
Combined analysis of pleiotropy and epistasis (CAPE) jointly uses multiple phenotype and genetic markers to model and define marker-to-trait effects and marker-to-marker interactions. The detected marker-to-trait effect and marker interactions are defined either as enhancing (allele from male parent) or repressing (allele from female parent). Typically, the linear independence of the phenotypic data is achieved by singular value decomposition (SVD) to extract composite traits (eigentraits) prior to analysis [13, 39, 40] . In this study, SVD of grain yield and three yield components (spikes m -2 , kernels spike -1 , and thousand kernel weight) generated four eigentraits (ET). The first three ET accounted for approximately 90% of the variation in the phenotype and were used for CAPE to elucidate interaction patterns underlying grain yield and yield components. The black arc lines represent linkage groups. Light grey concentric lines represent traits with the innermost concentric line representing grain yield followed sequentially by yield components namely thousand kernel weight, kernels spike -1 , and spikes m -2 ( Fig 3B) . A network of marker-to-marker interaction is represented by color-coded arrow line depending on whether the interaction is enhancing (brown) or repressing (blue). The segment of the linkage group involved in the interaction is marked by grey color inside the black arc. The main effect calculated based on a subset of markers (markers associated with significant effect in the previous section) are mapped along the concentric lines. Both positive and negative pleiotropic effects were observed on chromosomes 1A, 2A.1, 2B.1, 5A.2, 5B, 6A.2, 6B, 7A.1, and 7B (Table 3 and Fig 3B) . Markers on 2B.1, IWB70591 and IWB64246, had enhancing effect on grain yield. In addition, IWB23950 at 228.0 cM and IWB52093 at 402.6 cM on chromosome 5B had enhancing effect on grain yield. On the contrary, IWA3983 on 3B.1, IWB31561 on 6D.2, and IWB11000 on 7A.1 had a repression effect on grain yield (Table 3 and Fig 3B) . Thousand kernel weight was enhanced by IWB46316 and IWB42357 on 1A; IWB16370 and IWB8143 on 2B.1; IWB47055 on 3A.1; IWB912 on 5A.1; . In addition, the IWB16370 on 2B.1 which had positive effect on thousand kernel weight showed negative pleiotropic effect on spikes m 2 (Table 3 ; Fig 3B) . Besides IWB 46316 on 1A, other markers that had enhancing effect on kernels spike 1 include IWB13287
and IWB42357 on 1A; IWB7015 and IWB28453 on 2A.1; IWB12338, IWB8687 and IWB14407 on 5A.2; IWB29746 on 5B; IWB7004 on 6A.2; IWB41660 and IWB7632 on 7A.1 (Table 3 and Fig 3B) . IWB7015, IWB7004, and IWB10879 enhancing KPS had a negative pleiotropic effect on thousand kernel weight.
Marker-to-marker interaction patterns were depicted using color-coded arrowed lines with direction of the arrow indicating the target markers enhanced or repressed (Fig 3B) . Similar to marker-to-trait effect, the brown arrow lines indicate favorable interactions (enhancing) whereas blue lines indicate unfavorable interactions (suppressing). The effect of markers on 1A was enhanced by interaction with markers on 7A.1. The marker IWB7015 on 2A.1 was enhanced by interaction with IWB7053 and IWB64246 on 2B.1. Markers on 2B.1 were enhanced by interaction with markers on 2A.1, 2B.1, 6A.2, and 7A.1. IWB912 on 5A.1 was enhanced by IWB6263 whereas a set of markers mapped from 1.0 to 17.7 cM on 5A.2 were enhanced by interacting with several markers on 1A, 2B.1, 5A.1, and 5B (Fig 3B and S7 Table) . On chromosome 5B, IWB21839, IWB59433, IWB29746, and IWB52093 were enhanced by several markers on 5A.2, 6B, 2B.1, 2D.2, and 3B.1 (Fig 3B and S7 Table) . Several markers on 6A.2 were enhanced by interaction with markers on 1A, 1D.1, 2B.1, and 6D.2. In addition, IWB43368 mapped at 112.7 cM on 6A.2 had enhancing effect on IWB1295 mapped at 129.7 cM on the same chromosome. A number of markers detected on 1D.1, 2A.1, 2D.3, 5A.2, 5B, and 7A.1 enhanced markers detected on 6B. IWB7632 on 7A.1 was enhanced by IWB46316, IWB13287, and IWB42357 on 1A. IWB4 1660 showed positive interaction with IWB65641 on 5B whereas IWA7406 on 7A.1 showed positive interaction with IWB72333 and IWB8809 on 6B. Marker IWB65641 on 5B enhanced IWB 10879 on 7B (Fig 3B and S7 Table) . Negative marker-to-marker interactions with sources of alleles from CO9602932 were detected between 10 source chromosomes including 1A, 2A, 2B, 3A, 3B, 5A, 5B, 6A, 6B, and 7A (Fig 3B and S7 Table) .
Discussion
We applied different genetic models to define the underlying genetic basis of quantitative traits in winter wheat evaluated in different geographical testing footprints in the US Great Plains. A single trait multi-environment QTL analysis revealed that most traits had significant QEI, underscoring the need of multi-environment phenotyping to account for this variation. Across all the models and traits, we detected 43 unique QTL with most QTL showing colocation or pleiotropic effect. Nine of these QTL were consistent across environment and QTL analysis methods and seven of the nine QTL were also detected based on multi-trait QTL analysis approach. Stable grain yield QTL were detected on chromosomes 2B (Qgy.tamu.2B.1) and 5B (Qgy.tamu.5B.1) based on M1, M2, M3, and M4. The multi-trait QTL on 2B.1 was mapped at position 165.5 cM (172.9 cM in M1 analysis) and had a significant effect on grain yield and other traits (Tables 1 and 2, S2-S7 Tables, S1-S3 Figs) . Based on genetic map position, Qgy. tamu.2B.1 was either pleiotropic or co-located with QTL for days to heading, test weight, kernel weight, spikes m 2 , greenness of the flag leaf, green leaf area, and harvest index. BLAST search using peak marker for Qgy.tamu.2B.1 revealed that it is associated with several genes including NAD-dependent histone deacetylase domain containing protein and heat shock 70 kDa protein (S8 Table) [41] and the present study, both constructed using 90K SNP, showed that IWA4518 (BobWhite_c8113_532) was mapped at 219.6 cM in the present work and falls within the confidence interval for the multi-trait QTL Qmt.tamu.2B.1.1. The base sequence for IWA4518 is within 1181 bp mRNA for uncharacterized protein in Aegilops tauschii subsp. tauschii and 1264 bp mRNA from Triticum aestivum cDNA clone WT006_C07 (www.ncbi. nlm.nih.gov). This region has also been associated with starch gelatinization in a study using 90K and 660K SNP array [42] . In their study, the linked SNP to the QTL for starch gelatinization was RAC875_c56101_368, which was mapped near Qmt.tamu.2B.1.1 in the present study.
We detected other stable QTL for thousand kernel weight on 6A.2, 6B, and 7A.1. A recent study using 90K SNP array reported kernel weight QTL on 3D, 4A, 5A, 6A, 7A, and 7B based on multi-environment data from Gao [43] . The map position of QTL on 6A, and 7A based on interval SNP were different from the present study suggesting that these could be new QTL for thousand kernel weight. A consistent QTL for mean single head weight (Qmshw.tamu.1A) was detected on 1A explaining 4.1-10.1% of the phenotypic variation. This region was linked to spike compactness and sterile spikelet number in a RIL population genotyped using 90K SNP array and SSR markers [44] . Plant height was linked to two stable QTL, one at 142 cM on 2B.1 and one on 6A.2 clustered or had pleiotropic effect on kernel weight, green leaf area, harvest index, and spikes m 2 . Recent work by Wurschum et al [2] and Tian et al [45] showed that chromosome 6A harbors Rht24 gene for reduced plant and that the gene is sensitive to gibberellic acid. These studies used SNP, GBS and SSR making it difficult to make direct comparison with the stable QTL for plant height detected in the present work although both QTL were mapped on the long arm of chromosome 6A. A summary of QTL by Triticeae Coordinated Agricultural Project (TCAP) reported. that IWB6528 (BS00012081_51), IWB56597 (RAC875_c3135 8_214), IWB4233 (BobWhite_c6771_697), and IWB54163 (RAC875_c15844_348) were associated with PH QTL on chromosome 2B (https://triticeaetoolbox.org/wheat/qtl/qtl_report.php). In the present work, the four SNP were mapped within the confidence interval (119.4-165 cM) for plant height QTL on chromosome 2B suggesting that this could be same QTL for plant height. The peak region for 2B.1.2 (IWB62653) was mapped at 142.2 cM compared to 144.6 cM, 144.7 cM, 144.0 cM and 145.1 for IWB6528, WB56597, IWB4233, and IWB54163, respectively. Megablast search of the IWB62653 sequence revealed that it is within 1656 bp mRNA of wre1n.pk0115.e3:fis clone (www.ncbi.nlm.nih.gov).
We detected stable QTL for test weight on chromosome 2A, 2B.1 at 164 cM and 6A.2. Both test weight QTL on 2B and 6A were also detected when data was analyzed using multi-trait QTL model with additional QTL Qmt.tamu.1B.1 on 1B, Qmt.tamu.2D on chromosome 2D, and Qmt.tamu.5A.1 on chromosome 5A (Table 3 ). In a previous study, IWB47726 (Kukri_c7770_176) and IWB73106 (Tdurum_contig68343_ 339) were associated with fertile spikelet number and spikelet compactness, respectively [44] . These two SNPs were mapped within the confidence interval for mult-trait QTL Qmt.tamu.1B.1 in the present study.
The significant QTI observed in multi-trait model suggests that pleiotropy and epistatic interactions can contribute to significant variations. Empirical studies on epistasis have reported varying results with some reporting significant contribution of epistasis in the modulation of quantitative traits while other studies have shown nonsignificant contribution [46] . Results of the multi-trait model were supported by further genetic analysis based on combined analysis of pleiotropy and epistasis which showed various patterns of genetic interactions among markers and traits. The marker-to-trait effect revealed that grain yield was enhanced by markers on 2B.1 and 5B with favorable alleles from TAM 111 but was repressed by a set of markers detected on 3B.1, 6D.2, and 7A.1 with alleles from CO9602932. Two markers, IWB46316 and IWB42357 on 1A enhancing thousand kernel weight had positive pleiotropic effect on kernels spike -1 but had negative pleiotropic effects on spikes m 2 ( Fig 3B and Table 3 ).
Markers enhancing kernels spike -1 on 2A.1, 6A.2, and 7A.1 had a negative pleiotropic effect on thousand kernel weight. These results suggest the importance of epistasis and pleiotropy in the genetic architecture of yield components in winter wheat. QTLNetwork analyses confirmed some results of epistasis from CAPE analyses and provided information on the importance QTL by environment and epistasis by environment interactions. A × A, A × E, and A × A × E interactions were identified for several traits across environments in this study. These interactions could be helpful in evaluation of the major QTL and potential candidate genes in marker-assisted breeding and genomic prediction. Validation and conversion to KASP of SNPs tightly linked to yield and its components will be useful for their utility in marker-assisted breeding.
Conclusions
We have provided QTL discovery results using both multi-environment, individual environment, and multi-trait analysis models of GenStat as well as using MapQTL and QTLNetwork. The multi-environment QTL for grain yield on 5B was repeatable in six out of eight environments. This could be an important target region for fine mapping and validation to identify SNPs associated with grain yield in wheat. A potential target region linked to mean single head weight was detected on 1A. The QTL for mean single head weight on 1A was constitutively expressed in all environments where data was recorded. Several QTL associated with multiple traits were detected through multi-trait QTL analysis approach. Multi-trait QTL on 2B.1 and 6A.2 were associated with the highest number of traits suggesting essential function of these genomic regions. The colocation observed in multi-environment QTL analysis and the results of multi-trait agreed in part with the genetic correlation observed in this study. Beyond QTL discovery, we defined both positive and negative marker-to-marker and marker-to-trait influences detected through joint analysis of pleiotropy and epistasis. Grain yield was enhanced by markers on chromosome 2B.1 and 5B with favorable alleles from TAM 111 but was repressed by several markers on 3B.1, 6D.2, and 7A.1 with favorable alleles from CO9602932. Other traits showed similar patterns of interactions. The results from combined analysis of pleiotropy and epistasis together with the standard QTL analysis provides a platform to build a set of QTL with enhancing effects on the trait of interest. The information could be useful in identification of markers for validation and subsequent deployment to improve grain yield as well as other traits in wheat. 
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